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Background

DML: map data to embedding space where similar data are closer
Proxy-based losses: learn proxies to represent class
(Pre-trained vision transformers (ViT) have strong representation ability

Full fine-tuning is computationally expensive, prone to overfitting and catastrophic
forgetting

We propose a parameter-efficient fine-tuning (PEFT) framework applying the visual
prompt tuning (VPT) to fine-tune vision transformers for DML.
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Visual Prompt Tuning (VPT)

Learnable prompts append to ViT embeddings
(1 Only tune prompts + head, rest of ViT frozen
Highly parameter efficient

Benefits:

» Efficient adaptation
» Retains pre-trained knowledge

» Strong performance in downstream tasks
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Proxy-based Deep Metric Learning (DML)

* Learn proxies to represent each class

 Compare samples to proxies instead of each other
* Proxies updated with samples in each batch
Challenges:

»Proxies initialized randomly lack semantic info

» Updating proxies with limited samples in each batch
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Generating Semantic Proxies 1

B
Generate proxy from ViT with class- Data - ~ Semantic

amvple Prox
specific prompts sme ’
L Allows proxies to carry semantic info [& Head ] Clacs Baced [&Head ]
. . Prompts Prompts
Benefits: 1 I"/ # V|T \ b l" / #ViT \

»Proxies have semantic meaning

» Speeds up convergence

» Improves representation quality
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Integrating Semantic Proxies

Use GRU to sequentially integrate proxies
JAllows capturing data structure over time

Filters out irrelevant noise

20 = o(Wepi + U Py +02)

ri = o(Wypi + U.Pi_| +b,)
Ni = Relu(Wpp§ + i © UpPi_y + bp)
P = normal((1 — z;) © PS4+ z; @ NY)
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Combining with Original Proxies

1-a

Original proxies as bias term Pi —P— ¢f — Plglzv
U Handles unsampled classes a I
OdBalances update frequency vs delay Learnable o eonboctding X1
Final proxy is weighted combination

ViT

Q¢S = normal((1 — )Py + aOy)

1

Updated within and across batches Promptst X
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Comparison of PEFT Methods

Compare Architecture and Performance on CUB200

Method Parameter(tunable) Memory R1 MAP@R

Full Fine-tuning (PA) 30.2M (100%) 6.0G (100%) 85.5 51.1

Linear Prob 0.19M (0.63%) 1.7G (28.3%) | 84.9(-0.6) 48.1(-3.0)
BitFit 0.26M (0.86%) 4.4G(73.3%) | 85.7(+0.2) 51.3(+0.2)
Adapter (L:7.d:256) 1.57M (5.2%) 1.9G (31.7%) | 83.1(-2.4) 46.4(-4.7)
Adapter (B) (L:1,d:256) | 0.46M (1.52%) 2.4G (40%) 85.8(+0.3) 49.7 (-1.4)
VPT (L:12,N:10) 0.23M (0.76%) 2.2G (36.6%) | 85.1(-0.4) 51.2(+0.1)
VPT (B) (L:12,N:10) 0.30M (0.99%) 2.2G (36.6%) | 85.7(+0.2) 51.6 (+0.5)
VPTSP-M (ours) 0.60M (1.9%) 2.5G (41.7%) | 85.4(-0.1) 51.4(+0.3)
VPTSP-M (B) (ours) 0.67M (4.5%) 2.6G (43.3%) | 859 (+0.4) 51.8(+0.7)
VPTSP-G (ours) 1.48M (4.9%) 2.5G (41.7%) | 86.1 (+0.6) 52.1(+1.0)
VPTSP-G (B) (ours) 1.56M (5.2%) 2.6G (43.3%) | 86.6 (+1.1) 52.7 (+1.6)
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Compare to state-of-the-art

Method Settings CUB-200 CARS-196 | SOP InShop
Name (Balch Size) | Arch/Dim | R@I R@2 R@4 R@I R@2 R@4 R@I R@I0 R@I00 R@I R@I0 R@20
Hyp-ViT (882/900) | ViT-S16/384 | 85.6 91.4 948 865 92.1 953 859 949 981 925 983 988
VPT-Base (64/32) | ViT-S16/384 | 851 91.1 940 863 918 955 821 925 97.1 884 975 984
VPTSP-M (64/32) | ViT-S16/384 854 912 946 868 920 955 828 931 973 908 97.7 986
VPTSP-G (64/32) | ViT-S16/384 86.6 917 948 877 933 961 844 936 973 912 976 984

RS@K (>200) | ViT-BI6/512 | - = 895 942 966 880 961 986 - - -
VPTSP-G (64/32) | VIT-B16/512 885 928 951 912 951 973 868 950 980 925 982 989

Table 2: Comparison with the state-of-the-art full fine-tuning methods, including Hyp-ViT (Ermolov

et al., 2022) and RS@K (Patel et al), 2022) applying ViT on the conventional benchmarks pre-trained
on ImageNet-21K. The second column shows the architecture of the backbone and the feature
dimension we selected to compare. We also indicate the batch size for training in the brackets.
ViT-S16 and ViT-B16 represent the small and basic size of ViT with patch size 16 > 16. We shade

our proposed method, and the best under the same pretraining and architecture are bold.
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Conclusion

Semantic proxies via class-specific prompt tuning
JGRU integration of proxies over time

1 Combining the semantic proxies with original proxies to handle
unsampled classes

JComparable or State-of-the-art results with ~5% of parameters tuned

Prompt tuning is a powerful tool for adapting vision transformers to DML in
a parameter-efficient manner
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Thanks for watching!

Please download and try our code at:

PAPER DOWNLOAD TRY OUR CODE
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